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ABSTRACT

We presenta “black-box” approacho estimatingquery cardinal-
ity thathasno knowledgeof query executionplansand datadis-

tribution, yet provides accurateestimates.It doesso by grouping
gueriesinto syntacticfamiliesandlearningthe cardinalitydistribu-

tion of thatgroupdirectly from pointsin a high-dimensionainput

spaceconstructedrom the querys attributes,operators function

amguments,aggrgates,and constants.We ervision an increasing
needfor suchan approachin applicationsin which query cardi-

nality is requiredfor resourceoptimizationand decision-making
at locationsthat are remotefrom the datasources. Our primary

casestudyis theOpenSkyQueryfederatiorof Astronomyarchies,

which usesa schedulingand cachingmechanismat the mediator
for executionof federatedqueriesat remotesources.Experiments
using real workloadsshaw that the black-boxapproachproduces
accurateestimatesandis frugal in its useof spaceandin compu-
tation resourcesAlso, the black-boxapproactprovidesdramatic
improvementsn the performancef cachingin OpenSkyQuery

Categoriesand Subject Descriptors
H.2.4[DatabaseManagemeni: Systems—distributeddatabases,
queryprocessingH.2.8 [DatabaseManagemeni: Databasé\p-
plications—scienti ¢ databases

General Terms
Design,Performance

1. INTRODUCTION

Databaseoptimizersemplgy a bottom-upapproachto query op-
timization. They requirecardinality estimate$ in orderto obtain
cost estimatesfor various query execution plans. Becauseexe-
cution plansare hierarchical,optimizersemplg/ a constructve or
bottom-upapproachto obtain cardinality estimatesat every level
of the plan. In the bottom-upapproach the optimizer computes

Thetermcardinal ityof a queryrefersto the numberof rows in the query
resultwhereaselectvity refersto the probability of arow beingselected.
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cardinalityestimatef individual predicatesandpropagateshese
estimatesprogressiely up the queryplan, constructingcardinality
estimate®f operatorssub-queriesand nally theentirequery

Recentlyseveralapplicationshare emegedthatinteractwith data-
basesover the network and bene t from a priori knowledge of

querycardinalities.Theseapplicationswhich arethe focusof this

paper do not needrequire query executionplansor estimatesat

every internallevel. Examplesinclude grid systemg26], proxy

caching[3], replica maintenancg22, 23], and query schedulers
in federatedsystemg[2]. (Section2.1 hasmore details). Accu-

rate estimatef query cardinalityimproves performancehrough
improved query ef ciency, increasedlataavailability, or reduced
network trafc. Additionally, theseapplicationsare severely con-

strainedin the amountof resourceghey canexpendon queryes-

timation. Resourceconstraintsinclude storagespace processing
time, andeventhe numberof network interactionswith theremote
datasources.

Thebottom-upapproactof queryoptimizersfor cardinalityestima-
tionis overkill for networked-databasapplicationsandboundto be
prohibitively expensve. In addition,accurag in queryoptimizers
suffers from several modelingassumptionsisedin the bottom-up
approachsuchas conditionalindependenceap-to-datestatistics,
anduniform distribution of valuesin joins. Recentresearchnitia-
tives[7,30] relaxtheseassumptiong queryoptimizersby includ-
ing a self-tuning,self-correctingoop thatre nes estimatesateach
level usingfeedbackrom actualqueryandsub-quencardinalities.
However, theseapproachesareeitherlimited to rangequeries be-
causethey arebasedon histogramspr requireanintimateinterac-
tion with the databasewhichis unavailableto networked database
applications.

We demonstratehat a simple “black-box” approachavoids the
extra overheadof estimatingcardinality for every sub-queryand
also avoids the drawbacksof the modelingassumptionsusedin
the bottom-upapproach.This black-boxapproachgroupsqueries
into syntacticfamilies,calledtemplatesandusesmachine-learning
techniguedo learnthe distribution of queryresultsizesfor each
family. Cardinalitydistributionsarelearneddirectly from pointsin
a high-dimensionalnput spaceconstructedrom queryattributes,
constants,operators,aggrgates, and agumentsto userde ned
functions. Thus,they arenot subjectto the inaccuracieshatarise
from modelingassumptionsisedin assemblinganoutputestimate
from sub-queries. We estimatequery cardinalitiesbasedon the
learneddistribution andre ne thedistribution whenthe actualcar
dinality becomeswvailable. Thisongoinglearningprocesreates
natural,self-correctingoop. Thisis ablack-boxapproachn thatit



estimateghe cardinalityof entirequeriesbasedonly on theinputs
andoutputsof queryprocessing.

Our treatmentincludesa comparatie evaluationof several tech-
niquesthat learn cardinality distributionsin the high-dimensional
input space. Theseinclude model trees, locally-weightedre-
gression,and classi cation and regression. We previously re-
portedon the useandef cacy of classi cation and regressionfor
caching[17]. Ourresultsshav that differenttechniquegpresenta
time/spacerersusaccurayg tradeoff.

A wide variety of distributed applicationsdo not require ne-

grained,sub-planestimatesand bene t from the increasedaccu-
ragy andlow spaceoverheadof the black-boxapproach We have
developedthesegeneratechniquesinddeplo/edthemin onesuch
distributedapplication- The OpenSkyQueryfederatiorof Astron-
omy databasef28].

The OpenSkyQueryfederationpresents designspacefor which
the black-boxapproachis uniquely suited. OpenSkyQueryis a
wrappermediator[27] systemthatallows scientist4o cross-query
heterogeneouglobally-distributedAstronomydatabasesTheme-
diatorincludesa schedulemanda proxy cachethatcachegortions
of thefederatediata.Onreceving across-querythemediatormpar
titions the queryinto componentspnefor eachremotedatabaselt
thenusescardinalityestimateof the componentjueriesto sched-
ulethemacrosgemotesites[19] andto make cacherevocationde-
cisionswithin aneconomiccachingframewvork [18]. In bothcases,
cardinality estimatedor the entire componengueryto a member
databassufce. (At themembedatabasethelocal optimizercon-
structsaqueryexecutionplanusingits own privatedatastructures.)

The federatedarchitecturemandateslata-independergstimation;

the systemmust operatewithout accessto the underlying data,

making estimateshasedon the obsered workload — queriesand

their results— alone. Methodsthatrely on samplingor generating
statistics e.g. data-dependeritistogramsarenot tenable because
they requiresampledrom Terabyte-sizediatabases the federa-
tion. Scanningthe databaseo build and maintainsuchstatistics
hasbeenshavn to be extremelycostly[1].

The comple natureof Astronomyqueriesaddsto the challenge
of usingonly queryworkloadsfor cardinality estimation.Astron-
omy queriecontainreal-\aluesattributes multi-dimensionarange
clausesanduserde ned functionsin selectandjoin clausesFur
thermore,attributesare highly correlatedwith eachother (invali-
datingconditionalindependencassumptions)Known techniques
estimatecardinalityfor queriesthat possessomeof thesecharac-
teristics,but notall.

Theblack-boxapproachdiffers fundamentallyfrom bottom-upes-
timation. It correspondso the declaative queryspeci cationjust
asthe constructve approachcorrespondso the impeative query
execution plan. Thus, the black-box approachis not naturally
suitedfor usewithin a databas®ptimizer;it neitherestimateghe
cardinality of sub-querieshor identi es opportunitiesfor parallel
executionandthe orderingof operatorsvithin aquery

An experimentalevaluation of black-box cardinality estimation
shaws the suitability of the techniquefor distributed applications.
We evaluateit usingmultiple learningalgorithmsagainstan Open
SkyQueryworkloadsof 1.4 million queries. Resultsindicatethat
black-boxestimategequiredatastructuresof tensor hundredsof

kilobytes,produceestimatesjuickly, andthattheaccurag of these
estimatesgreatly improves the performanceof cachingin Open

SkyQuery

2. RELATED WORK

To motivate the black-boxapproachwe presenta seriesof net-

worked applicationsthat require accuratecardinality estimates
from remote data sources. Then, we review prior researchon

data-independertardinality estimation,examining its suitability

to suchapplications.

2.1 Applications

Recentlyseveralcachingandgrid-basedpplicationdiave emepged
that requirecardinality estimatesof queries. Often, theseassume
the presenceof knowledge systemsto provide estimates.In ap-
proximatedatacaching[22], sourcesachesxactvaluesandcaches
storeapproximatevaluesneartheclient. In presencef updatesat
the sener, approximationsof cachedvaluesbhecomeinvalid. On
invalidation,new approximationgbasedn thedegreeof precision
desired)areeitherpropagatedy sourcego the cachesr alterna-
tively demandedy queries. The goalis to minimize the overall
network traf c by loweringthe costof pushby the sener andcost
of pull by thequeries For non-aggrgatequeriestheexactcompu-
tation of the pull costof a queryrequiresthe knowledgeof selec-
tivity of aquery Thisis alsotruein otherpush-pullmodelsof data
disseminatiorni5].

In adaptve cachingenvironments,cachestateis adjusteddynam-
ically asworkload changes.Cachereplacemenalgorithmsoften
computethe bene t of cachinga dataobjectin which the bene t
is basedon variousstatistics,one of thembeingthe size of query
resultagainstthat object. Systemssuchas DBProxy and Bypass-
Yield Caching[18] assumethat query result sizesare known a-
priori. Theefcacy of thesetechniqueglepend®nthe correctness
of thisassumption.

In GridDB [16], a data-centricview of the grid hasbeenproposed
in contrastto a processcentric view of Condor[15] and Globus
[10]. Dueto thelong natureof scienti ¢ queries)nteractve query
processindglQP)is considerednessentiafeatureof GridDB [16].
In IQP, usersoftenwantto know just the sizeandcostof running
expensve jobs and basefurther jobs on theseanswers. This re-
quiresaccuratecardinalityestimates.

In our experiencewith the SloanDigital Sky Surey, we have wit-
nessedseveral load balancingand schedulingapplicationg11] in
which suchknowledgeis required. In this paper we have consid-
eredonesuchscienti ¢ applicationthe OpenSkyQueryfederation
of Astronomydatabasesyhichneedsardinalityestimateso make
schedulinglecisionsaswell asto populatets proxy cache For the
cachingsystemwe recentlyreporteda 50%degradatiorin absence
of accurateestimate$17].

2.2 Data-IndependentCardinality Estimation

We review the prominentdata-independembethodgor cardinality
estimationandlearningin optimizersandconsidettheir applicabil-
ity to the above applications.Thesemethodsarederived from the
concepbf self-tuningin which queriesareestimatedisinglearned
distributionsandthe actualresultsizesof queriesgprovide feedback
to re ne thesedistributions. Currentwork on self-tuningis limited



in thateither: (1) it restrictsthe classe®of queriesthatmay be es-
timated;or, (2) techniquesrecloselytied to the optimizer To the
bestof ourknowledge,oursis the rst techniqueo supportgeneral
queriesin adata-independeifiashion.

Most self-tuningresearctihasheenconductedn thecontext of his-
togramswhich limits the techniquedo rangequeries.Histograms
cannotbeusedfor pointqueriesanduserde ned functions.

Aboulnagaand Chaudhuri[1] usethe query feedbackapproach
to build self-tuninghistograms. The attribute rangesin predicate
clausesof a queryandthe correspondingesult sizesare usedto

selectbucketsandre ne frequeng of histogramsnitialized using
uniformity assumption.Both single and multi-dimensionalm-d)

histogramsareconstructedy this method.Higheraccurag on m-

d histogramss obtainedby initializing themfrom accuratesingle
dimensionahistograms.

STHoles[8] presentghe techniquemost similar in spirit to our
black-box approach. STHolesre nes the layout and frequeng
of existing histogrambuckets by allowing nestingof buckets. As
gueriesto aregion increasenew bucketsareinitialized within ex-
istingbucketsto improvetheaccurag. Thealgorithmsuseveryde-
tailed queryfeedbackirom the queryexecutionengine examining
the distribution of datawithin queryresults. STHolesworks well
in re ning existing histogramsandalsoin building histogramsn a
data-independerfiashion basedn queriesandtheir resultsalone.

ISOMER[29] constructdistogramghatarecorrectandconsistent
with queryfeedback.lt utilizesthe maximumentropy principleto
selectadistributionthathasthemaximuminformationamongaset
of distributionseachof thatis consistentvith the queryfeedback.

CXHist [14] builds workload-avare histogramdor selectvity esti-
mationonabroadclassof XML stringbasedjueries XML queries
are summarizednto featuredistributions and their selectvity is
quantizedinto buckets. Finally, it emplo/s a naive-Bayesclassi-
ers to computethe bucket to which a querybelongs. The naive-
Bayesapproachassumesonditionalindependencamongthefea-
tureswithin abucket.

Usetrde ned functionspresenta differentchallenge becausehe
function obfuscateshe relationshipbetweenthe underlyingdata
distribution andthe queryresultsize. UDFs demandan approach
thatlearnsthe outputresultsizedistribution directly. He etal. [13]
de ne aself-tuningframework for de ning the costmodelof user
de ned functions (UDF). To estimatethe cost of a query they
examinethe cost of the k-nearesteighborsto that queryin the
multi-dimensionalspacede ned by the function aguments. The
estimatedcostis computedas a weightedaverageof the cost of
theseneighbors. They do not speci cally estimateresultsizes(it
is left asfuture work), but their techniqueis suitable. Our black-
box approachextendsthesetechniques|earningin a richer space
thatincludesattributes,constantsaggreyates,and operators.We
alsotake a differentapproachto learning,using eitherregression
treesor classi cation and regression that constructsa model on
compactsummarydatastructures.

DB2's learningoptimizer (LEO) [30] provides the most widely-
applicablelearning technique,which includeslearning for join
predicateskeys createdby theDISTINCT andGROUPBY clause,
derivedtables userde nedfunctions.etc. However, thecardinality
estimatesreatedoy LEO areobtainedby correctingmodelinger
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Figure 1: Abstract Ar chitecture of Open SkyQuery

rorsateverylevel of thequeryexecutionplan. Thus,LEO is tightly
coupledto a DB optimizer The correctionsprovided by LEO do
not adaptto or learndatadistributions or resultsize distributions
thatvary with input parameters.

3. CASE STUDY: OPEN SKYQUERY

In this section,we describethe OpenSkyQueryfederationof As-
tronomyarchives. In particular we motivatethe needfor accurate
cardinalityestimatesandde ne theresourceconstraintplacedon
theestimator

Figurel shavstheabstracarchitectureof theOpenSkyQueryfed-
eration.OpenSkyQueryusesawrappermediatorarchitecturg27].
Userssubmit federatedqueries(that accessmultiple databases),
whichthemediatordividesinto componensub-querieshatareex-
ecutedat their respectre sites. The mediatorincludesa scheduler
which decidesthe orderin which variousmembersitesareto be
visitedfor sub-queryexecution.This orderis decidedsoasto min-
imize network traf c andqueryresponsdime. Becausescienti ¢
gueriesare long-runningand data-intensie, the primary measure
in the schedulingdecisionis the cardinalityof eachsub-query In
earlierversionsof the system the schedulepolled eachdatabase
for the actualcardinality of its componentuery This is a bottle-
neckasit increasesveragegueryresponsdime.

The mediatorincludesan adaptve cachethat replicatesobjects,
such as columns (attributes), tables, or views, from member
databaseso that sub-queriesto the memberdatabasemay be
sened locally by the mediator This reducesthe network band-
width usageof data-intensie queries. The cacheusesthe cardi-
nality of eachsub-quenyto decidewhento loadandevict database
objects.More speci cally, cardinalityspeci esthe network costof
thecurrentqueryin arent-to-tuy economidramework [18].

The scheduleneedscardinalityestimategor eachsub-query The
cachemay also needestimatesfor a combinationof sub-queries
whendistributedjoins arespeci edin thequery In eithercasethe
mediatorhasto estimatequery cardinalitiesusinga smallamount
of space Eachmediatorin the systemmustgeneratestimategor
all thefederations membematabasesysingonly local storage.

In addition, estimationmodelsare to be learnedwith minimum



select [select list]

from PhotoPrimary as P

join fGetNearbyObjEq(185, 0.5, 1) as D
on P.objid = D.obijid

where (P.r between 8.0 and 11.0)
order by distance

select [select list]

from Star where

ra between 119.72417 and 122.72417 and
dec between 67.64444 and 70.64444 and
r between 12.0 and 17.0 and
((gr)>=0.37) and ((g r) <= 0.54) and
((ri)>=0.07) and ((ri) <= 0.15)

select [select list]

from Galalxy as G

join fGetNearbyObjEQq(334.36013, 0.266444, 17) as N
on G.objid = N.objid

where

((G.flags_r & 0x10000000) != 0) and

((G.flags_r & 0x8100000c00a4) = 0) and

(((G.flags_r & 0x40000) = 0) or (G.psfmagerr_r <= 0.2
(((G.flags_r & 0x10000) = 0) or (G.flags_r & 0x1000) :

Figure 2: Complex user queries on member databasesin the
Open SkyQuery federation

accesdgo data. In general,the mediatoris far from the member
databasesThis createsanaccesdarrierbetweerthe mediatorand
the seners. Managemenboundariegreateprivagy concernsnak-
ing it dif cult to accesghe databaseto collect statisticson data.
The datais mostly accessedia the restrictedWeb-servicesvrap-
perinterface(Figure1). Evenif the mediatorcanstoresummary
statisticsthemembeisitesmaychoosenotto investtheirresources
in the I/O-intensve processof collecting statisticson all of the
data[9].

The continuousstreamof userqueriesandtheir resultsat the me-
diator provide indirectaccesgo queriesanddataandcanbe used
for learningoutputcardinalitymodels. Queriesin the OpenSky-
Query federationare comple, which makes learning of estima-
tion modelsa non-trivial task. A typical queryis a conjunction
of multiple rangeand userde ned function clausesin the predi-
cateexpressionaswell asuserde ned functionsin thejoin clause.
We considerthreereal queriestaken from a memberdatabasef
the OpenSkyQueryfederation.Thesequeriesexemplify the com-
plexity of learningan estimationmodelfrom queries(Figure 2).
(The selectlist is suppressedsit doesnot in uence cardinality)
The rst queryshawvs the combineduseof rangeclausesanduser
de nedfunctions,thelatteroccurringin boththejoin andthepred-
icate clause. The userde ned function fgetNearByObjEqeturns
a temporarytable of nearbyobjects. Its agumentsvary depend-
ing uponwhethera circular, a rectangularor a polygonalregion
is selected Thesecondqueryis a ve-dimensionatangequeryin
which the rst threerangeclausesare on databasettributesand
the last two are on temporaryattributescreatedfrom subtracting
valuesfrom two databasettributes. The third queryis function
join with bit operatorsn the predicateclause. Histograms,such
asSTGrid [1] and STHoles[8], efciently learnestimationmod-

Select # [select-list]
From R,S, T

Where Rr? S.s

and Rr?Tt

and S.b?%and?%
and Ra*R.a?%

and T.c & Ox0011? %

Parameter Space Cdn

{#,2,2,2,%,2,%.2,%,2,%

Cdn_Value}

# = {TOP,NOTOP,MAX}
?2={<>=\=}
% = {ints,reals}

(b) Cardinality (Cdn) distribution

a) Template and its parameters of the parameter vectors

Figure 3: Learning in templates

elswhenqueryworkloadsconsistpredominantlyof rangeclauses
on databasettributes. Becausehey build multi-dimensionahis-
tograms,they can also estimaterangeclauseswith mathematical
operatoron a combinationof attributes(suchasg - r > = 0.37in
the secondquery),but cannotupdatethe histogrambucket bound-
ariesfrom this combinednformation. Estimationmodelsbasecn
nearestneighbormethodshave beenshavn to be more effective
for userde ned functions[13]. However, OpenSkyQuerywork-
loadsconsistof a combinationof range(simple or comple) and
userde ned functionclauses.

We concludehatthefederatiomeedslight-weight,data-independ-
ent, andgeneralestimationmechanismyhich accuratelypredicts
querycardinality

4. THE BLACK-BOX APPROACH

Cardinality estimationtreats query evaluation, and optimization
asa black box, examiningthe input query and the cardinality of
its resultsalone. Datadistributions are unknavn, owing to data-
independenceequirementsandcardinalityestimatest every sub-
querylevel arenotrequiredby our applications Theapproachrst
groupsqueriesinto syntacticfamilies. It thenlearnscardinality
distributions directly as a function of query parameterssuchas
attributes,operatorsgonstantsaggreates,anduserde ned func-
tionsandtheiraguments We applyseveralmachindearningtech-
niques,including classi cation and regression,model trees,and
locally-weightedregression. Theseresultin conciseandaccurate
modelsof the cardinalitydistribution. Whena queryarrives,car
dinality is estimatedisingthe model. Whenthe queryis executed,
thequeryparameterandits resulttogethemupdatethemodel. This
resultsin feedback-basel@arning.

Theblack-boxapproachworksbestwhenworkloadsatis escertain
criteria. We discusghe mostimportantcriteriathatenabldearning
from workload,improve accurag, andlimit spaceoverheadn the
black-boxapproach. An exampleat the end of the sectionillus-
tratesthelearningprocesdor comple queries.

4.1 Estimating Query Cardinality

Grouping Queries: The black-box systemgroupsqueriesinto
templatesA template over SPJ(Select-Project-Joimqueriesand
userde ned functions(UDFs)is de ned by: (a) the setof objects
in the from clauseof the query (objectsimply tables,views, or
takular UDFs) and(b) the setof attributesand UDFs occurringin
the predicateexpression®f thewhere clause.Intuitively, atem-
plateis like a function prototype. Queriesbelongingto the same
templatediffer only in their parametersk-or agiventemplate , the
inputparametergFigure3(a))are: (a) constantsn thepredicateex-
pressions(b) operatorsisedn thejoin criteriaor thepredicates(c)
amgumentsn tablevaluedUDFs or functionsin predicateclauses,



and(d) bitswhich specifyif thequeryusesanaggreatefunctionin

theselectclause A templates parametersio notincludeattributes
in the selectclause;the parameterof a templateare only those
featuresn aquerythatin uence/determinets cardinality

Collecting Query Parameters: The parametersf aquerythatin-
uenceits cardinalityform avector Figure3(b) shavsvectorswith
parameterandcardinalitiefrom afew queries For atemplatethe
parametespacerefersto all the possiblecombinationsof parame-
ters,eachchoserfrom theirrespectie domain.A querybelonging
to atemplaterefersto oneof thesecombinationsandhasa corre-

spondingyield in therangeR = (0; max (ti)) in which max (t;)
is the maximumyield of a queryin agiventemplate,i.e.,the size
of arelationfor aqueryto asinglerelationandthesizeof thecross

productfor ajoin query

Oncethe templateis created,only the templateparameteralues
and the correspondingcardinalitiesare retained. The parameter
valuesrepreseng pointin theinput spaceassociatedavith the car
dinality obsered at thatpoint; i.e., the cardinalityis a function of
the multi-dimensionabointin the parametespacerepresentety
the parameteralues. The systemhasno knowledge of the exact
role of the parametersn query execution. In a template,the pa-
rametervaluesrepresent cardinality distribution that the system
usesto estimatethe cardinality of future queriesto the sametem-
plate. Preciselythe actualcardinality distribution of a template
overn queriess the setof pairs

p = (P1;Y1);(P2;Y2); 15 (PniYn) 1
in which p; is the parametewectorof queryq , andy; is its cardi-
nality. Becausef the high dimensionalityof the parametespace,

the systememplo/s machinelearningtechniquesto approximate
the cardinalitydistribution.

Approximating the distribution:  Most attributesin the Open
SkyQuerydatabasearenumericandrecordvariousphysicalprop-
ertiesof the astronomicabodies. Thus,queryparametersarealso
numeric, making regressionthe naturaltechniquefor cardinality
estimation. Regressionmodelscardinality as a function of the
valuesof a multi-dimensionalparametewector[6]. The simplest
form of regressioris linearregressiorf20] in whichthecardinality
yi is modeledasa linear function of the multidimensionalvector

Yi = Wo + W11+ i+ WnPin (2)

leastsquaregriterion. However, a nave applicationof regression
introducesahigh learningbias,becausalinearmodelcannotcap-
turethe non-linearityof the parametedistribution. We applythree
learningtechniquesnamely classi cation and regression,model
trees,andlocally-weightedregression All of thesetechniquepar

tition the input spaceand use regressionwithin the partitionsin

orderto estimatecardinality They differ in the criteriaand meth-
odsthey usefor partitioning. They alsodiffer in their computa-
tional compleity, spacerequirementsgenerality andeaseof use.
Speci cally, thetechniqgueshow a trade-of betweensizeandac-
curagy. Basedontherequirementsf adistributedapplication,one
of thesetechniquesnaybechosenln theOpenSkyQuery we have

optedfor classi cationandregressiorbecausef its low computa-
tional compleity andspacerequirements.

1. Classi cation and Regression In classi cation and regres-
sion,thesystengroupsquerieswithin atemplateinto classes

andtransformsthe distribution in equationl to an approxi-
mate,classdistribution

c = (pu;c);(P2; )i i (Pnicn) (3

in whichc, = Cg (yi) andCe is a classi cation function
thattransformshenumericakardinalityinto anominalclass
value(Figure3(c)).

The systemlearnsthis classdistribution usingdecisiontrees
[25]. Decisiontreesrecursvely partitiontheparametespace
into axisorthogonabpartitionsuntil thereis exactly onenom-
inal class(or majority of exactly oneclass)in eachpartition.
The partitioningis basedon informationgain of parameters
soasto minimize the depthof recursion,i.e., the parameter
attribute with the highestinformationgainis chosenasthe
partitioningattribute. The systemusesdecisiontreesasthey
area naturalmechanisnfor learninga classdistribution in
the parametespacen which independencamongparame-
tervaluescannotbeassumed.

By learningthe ¢ classesf yieldsandnotthe p values
of cardinalities thereis somelossof information. The sys-
tem regainssomeof this lost information by constructinga
linear regressionfunction within eachclass. A classspe-
ci ¢ regressiorfunctiongivescardinalityvaluesfor different
querieghatbelongto the sameclass.

Finally, the systemusesk-mean<lusteringastheclassi ca-
tion functionCr in whichk is thenumberof classesndis a
dynamically tunableparameterSeveraltechniqueg12,24]
canbe usedasa wrapperover k-meansto nd a suitablek
from the lowestandhighestobseredyield value,or it may
be choserbasedn domainknowledge.

2. Model Trees Model treesstorea piece-wiselinear approx-
imationof p. Like decisiontrees,they usea divide-and-
conqueiprincipleto recursvely partitiontheparametespace
into axisorthogonabpartitionsuntil cardinalityvaluescanbe
accuratelypredictedusing a linear regressionmodel. The
partitioning criteria choosean attribute that maximizesthe
expectederrorreduction,in which the standardeviation of
the cardinalityvaluessenesasthe error measure We con-
sider prunedmodeltrees, as they provide higher accurag
over non-prunedreesandarealsomuchsimpler However,
pruning reducesaccurayg asthey introducediscontinuities
betweenadjacentinear modelsat the leaves of the pruned
tree. A smoothingprocesq31] is appliedto compensatéor
thethesesharpdiscontinuitiesandregainsomeaccurayg

3. Locally-weightedRegression Givenatestparametewector
locally-weightedegressiorweighsall thetrainingparameter
vectorsaccordingto a distancemetric to the testparameter
vector It thenperformsa linear regressionon the weighted
vectors. Training vectorscloseto the testvectorreceive a
high weight; thosefar awvay receve a low one. In other
words, the linear regressionrmodelis constructecn-the- y
for the particulartestvectorathandandis usedto predictthe
instances classvalue. Thedistanceunctionis choserasthe
inverseof the Euclideandistancefunction. Sinceall train-
ing is doneat predictiontime, i.e., the vectorsare scanned
to computetheweights,locally-weightedregressioris much
slower thanthemodelsdescribedabove.

Re nement: Oncethe systemhasusedthe estimateand sened
thequeryresult,thesizeof theresultis usedasafeedbacko re ne
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Figure 4: Applying the black-box to SDSSqueries

theestimatiormodels.Re nementincludeschanginghe partition-
ing of theinput spaceandupdatingtheregressiorfunctionin each
partition. For classi cation and regression repartitioningthe in-

put spacemeangetuilding the decisiontree. Similarly, for model
treesthe modeltreemustberehuilt. Owing to their compactize,
rehuilding thelearningmodelsis not expensve andcould be done
for every query Our experimentsshav thatit takeslessthan20
secondsver thousand®of queries(Sectios). However, we elect
to batchupdatesrehuilding treesaftercollectinga x ednumberof

queriesn atemplate We arecurrentlyexploring methodsof recur

sive least-squaresrror andincrementalinductiontreesto update
the classi cationandregressiormodelin situ. However, we hold

thatincrementalupdateis not a critical featureof learningmodels
for black-boxcardinalityestimation.

Locally-weightedregressionis an incrementaltechnique. Each
new query becomesart of the training vectors. This incremen-
tal advantagecomesat a cost. Regressionfunctionsare built on
demandfor eachquery makinglocally-weightedregressionmore
expensve atruntime.In asenseincrementahdwantagds achiezed
by deferringthemodelupdate processingipdatesat querytime as
opposedo whenthefeedbacloccurs.

4.2 Learning from Queries

Cardinalitydistributionsthatmaybelearnedaccuratelyfrom query
workloadsalonepossesgertainpropertiessuchassyntacticalo-
cality and datalocality. Additionally, learningtechniquesarero-
bustto workloadpropertieshatarea challengefor traditionalop-
timizers, suchas multi-dimensionality multi-way joins, and user
de ned functions. We highlight the propertiesof the Open Sky-

Queryworkloadandhow it interactswith learningtechniques.

High Template Concentration: The black-boxapproachworks
bestwhena smallnumberof templatexharacterizenostqueries.
As it happensmostreal-world applicationworkloadsconsistof
queriescreatedhroughpre-designedhterfacessuchasforms and
preparedstatementq4]. Such an interface naturally resultsin
querieswithin the sametemplatethat vary only in a parameters
(in the predicateandjoin clauses)pperatorsandaggregates.This
makestemplatesanalogougo function prototypes.

The Open SkyQuery workload exhibits extremely high template
concentration.In a typical month's workload, thereare 1.4 mil-
lion queries. Thetop 77 templatescapture97% of thesequeries.
OpenSkyQuery templatesoriginatefrom static forms aswell as
repeatedlyuseduserprograms.Theseuserprogramsaredynamic
in nature—they aredehuggedandmodi ed to capturenew science
questions- but templateschangeslowly over time. Nevertheless,
the high concentratiorallows the black-boxapproachto provide
high accurag atlow spaceoverhead.

High Parameter Value Concentration: Queriesof a given tem-
plate have parametewaluesthateffectively represent very small
part of the entire attribute domain. They often involve nearest
neighboror region searchestesultingin consecutie querieswith
small parametedifferences.Thus, thereis high concentratiorin
parametenaluesfor a large numberof queriesof a single tem-
plate. This givesthe systemsufcient samplequeriesto learna
distribution.

High Dimensionality of Queries Queriesare saidto be multi-
dimensionalf they possessnorethanone predicateclausein the



query wherepredicateclausesanberangeclausesr userde ned
functions. Query dimensionalityalso increasesf queriesallow
speci cationof userde ned functionsin join clausesHigh dimen-
sionalityforcesthe useof a multi-regressiommodel[6]. Thisis the
primary reasonfor our choiceof regressionasthe basiclearning
techniquefor estimatingquerycardinalities.

Selectionof Relevant Parameters While decisiontreelearning
algorithmsare designedto learn which are the most appropriate
parameters$o usefor makingclassi cationdecisionsaddingirrel-
evantor distractingparameterso thetraining setoften“confuses”
thelearningalgorithm.Thisis especiallytrueof parameters user
de ned functionswhich do not contrituteto querycardinalityesti-
mation. We currentlyusedomainknowledgeto prunesuchparam-
eters.We areexperimentingwith instance-baselgarningmethods
for relevant parameteselection.Similarly, it is importantthatthe
relevant parameterencodethe maximum information available,
i.e., include both syntacticand semanticinformation. For exam-
ple, a rangepredicateclauseof form “col BETWEEN constantl

and constant2’is transformedas (constantl,constant2-constantl).

Thedifferencecaptureghedistancebetweerthetwo constantand
hasmoresemantianformationthanotherfeaturevectors,suchas
(constantl,constant2)his is alsotrue for bit operatorsvherean
expressionof the form “col bit_op consteg.op const”, in which
bit_op 2 (j;&) andeqgop 2 (=;6), is transformedo an exact
valueof thecolumn“col”.

Learningfrom queriesis not spaceef cient whenthe underlying
distribution is uniform. In the classi cationandregressiormodel,
the decisiontree recursvely partitionsfor eachtraining instance
to take up spacein proportionto the numberof instancegncoun-
tered.(Accurag is notaconcernasregressiorlearnsthe uniform

distribution.) It is easyto detectsuchdistributionswhenthereare
primary key attributesin the predicateexpressionandthe system
avoidslearningsuchdistributions.

4.3 An lllustrati ve Example

We illustratethe black-boxapproactusinganexampleAstronomy
templatefrom the SDSSworkload. This exampletemplaterepre-
sentsmosttypical templatesn the SDSSworkload. In particular
we shav (a) how the query cardinality can be estimatedwithout
creating/learningtatisticsatevery sub-quenyevel, and(b) how the
underlyingdistribution canbeindirectlylearnedusingonly queries
andtheir result. We compareit with the alternatve bottom-upap-
proachcommonlyemplagyed by queryoptimizers,which useshis-
tograms(single or multi-dimensional)to approximatebasetable
distributions.

Considetthefollowing template

SELECT * FROM

Photo P,

Field F

WHEREP.fid = F.fid and
P.NearObj(@ra,@dec,@radius) and
Porv 2 + peov 2 <= @velocity and
Fu > @inl and F.g < @in2

The relation Photo  storesattributesaboutastronomicabodies.
Theseattributesareits id (objid ), spatiallocation(ra anddec),
and velocities(rowv ,colv ). TherelationField storesthe at-
tributeswhich measurgheradiationintensity(a_u, a_g) of apho-
tometric eld (fid ). Givena eld of certainradiationintensity

Numberof queries| 1;403;833
Numberof querytemplates| 77
Percenbf queriesn top 15templates| 87%
Network traf®c from all queries| 1706 GB
Percentraf®c from top 35templates| 90.2%

Table 1: SDSSAstronomy Workload Properties

(F.u > @inl andF.g < @in2), queriedo thistemplateselect
thoseobjectsfrom photothatarespatiallyclose(within @radius )
of a point (P.NearObj(@ra,@dec,@radius) ) and have a
certainvelocity (P.rv 2 + p.cv 2 <= @velocity ).

To estimatecardinality of queriesto the abore template, the
bottom-up approachconsidersthe query execution plan (QEP)
shawvn in Figure4(a). Sub-estimateare neededat every level of

theplanto correctlycomputethe cardinalityof the queryatthetop
level. Thelarge numberof thesesub-estimateén this caseb) in-

creaseoptimizationcostsaddingto the overheadof the bottom-up
approach.Further sub-estimateare calculatedby assumingcon-
ditionalindependencbketweerattributes.Incorrectpropagatiorof

thesesub-estimategp the planleadto inaccuracies.

Comple queriesmale it dif cult to translatefrom an underlying
datadistribution to a cardinality estimate. Userde ned functions
presentinextremecase pecause¢hey aretotally opaqueto aquery
optimizer Figure4(b) shavs the underlyingdatadistribution of at-

tributes@raand@dec ThequeryusedunctionNearObj against
this distribution, which computesa spatialrangequery Figure4(c)

annotateshe datadistribution with rangesevaluatedby the func-

tion. Sucharangequeryis estimableusingmulti-dimensionahis-

tograms However, thefunctionpreventscardinalityestimategrom

beingdravn from a histogram It turnswhatis in factarangequery
into a point queryin the parametespace(Figure4(d)) with cardi-
nality thatis a functionof theinput parameters.

We illustrate the black-boxapproachusing classi cation and re-
gressionas our learningtechnique. We demonstratédhow to es-
timate function NearObj from the point queries. For the sam-
ple query the actuallearningoccursin atwelve-dimensionainput
spaceover all operatorsconstantsand function parameters.For
simplicity, we visualizejust the functionin its two spatialdimen-
sions.

The high variancein cardinalityfor queriesin this templategives
the black-box approacha cardinality distribution to learn. The
training/feedbacklataconsistsof the obsered cardinalityof com-
pletedqueries.Figure 4(e) shaws the logarithmof the cardinality
at eachpoint. It learnsby observingthat somequerieshave high

(H) cardinality value (log valuesgreaterthan 3.5) and somelow

(L) (Figure4(f)). It classi esthis distribution usingdecisiontrees,
which split on speci ¢ valuesof the parametersdividing into re-
gions of purely high cardinality and purely low cardinality We
shaw splitsinto two cardinality classeqFigure4(g)). In practice
thetechniqueusesbetweerd and8 yield classesdependingipon
the naturalclusteringof cardinalityvaluesin theworkload. Figure
4(g) shaws aninitial split onthe dec parameteandthena split on

thera parameter The decisiontreeitself canbe usedfor estima-
tion, but we improve uponit by usingregression.In eachdecision
treeleafnode,welook attheoriginal cardinalityvaluesfor queries
and approximatethis distribution throughlinear regression. We

shaw this pictorially in Figure4(h).



Template| Numberof | % Domain | Dimensiondn | Available QuerySemantics
Queries Requested | FeatureVector Index

T1 23343 5.1x 10e-7 4 1 Rangequeryon asingletable
T2 103148 | 4.3x 10e-27 6 0 Functionqueryon asingletable
T3 761605 | 2.9x 10e-18 4 0 Functionqueryon asingletable
T4 4142 4.7x 10e-4 3 0 Functionqueryon 2 joinedtables
T5 68603 3.5x 10e-14 4 1 Equalityqueryonasingletable
T6 3176 1.3x 10e-22 5 0 Functionqueryon 3 joinedtables

Table 2: Six important query templatesin the SDSSworkload

5. EXPERIMENTAL RESULTS

We rst describethe workload and quantitatvely evaluateit with
respectto the properties(Section4.2) that enableeffective useof
the black-boxapproach.We then measurehe accurag andef-
cieng of the black-boxapproachundervariousmachinelearning
techniqguesby comparingit with a bottom-upapproach. In par
ticular, we shaw that, without constructingsub-estimateat every
level, the black-boxapproachtaccuratelypredictsthe cardinality of
incoming queriesand constructdearning modelswith minimum
spaceandtime overhead. We also shav the impactthat accurate
cardinality estimateson the network performanceof the caching
modulein OpenSkyQuery This demonstratethe ef cacy of the
black-boxapproachin distributed ervironments. All experiments
were performedon a IBM workstationwith 1.3GHz Pentiumlll
processoand512MB of memory runningRedHat Linux 8.0.

5.1 Workload Properties

Wetookamonthlongtraceof queriesagainsthe SloanDigital Sky
Suney (SDSS)database.The SDSSis a major site in the Open
SkyQueryfederation.Our tracehasmorethan 1.4 million queries
thatgeneratenearlytwo Terabytesof network trafc. An analysis
of the tracesreveal that an astonishinglysmall numberof query
templatescapturethe workload (Table 1). A total of 77 different
querytemplatesccurin all 1.4 million queries.Further thetop 15
of thesetemplatesaccountfor 87% of the queries,andthe top 35
accounfor 90%of thetotal network traf c. Thus,the SDSStraces
exhibit aremarkableamountof templateconcentration.

Individual templatesexhibit the desirableworkload propertiesde-
scribedin Section(4.2). To quantifyworkloadpropertieswe study
the top six templateg(in the numberof queries)that accountfor
68.7%of the workload (Table 2). The number of queries shavs
the high concentratiorof queriesin few templates. The % do-
main requestedindicatesthe fraction of domainvaluesaccessed
by queriesas a percentagef all valuesin the database The ex-
tremelylow percentagemdicatehigh parametewralue concentra-
tion. Thetop templatesalsoshaw that the high-dimensionalityof
queriescontritutesto learning. The dimensionsin feature vec-
tor indicateshenumberof input parameterthatarepartitionedby
classi cation andregression. This correspondso the featuresof
atemplatethatprovide informationandindicatethatmary dimen-
sionmustbe usedto accuratelyestimatethis Astronomyworkload.

This is a representate one month workload from the SDSS
databaseof the Open SkyQuery We predict that workloadsfor

otherAstronomydatabaseshaw similar properties Unfortunately
otherlarge-scalevorkloadsarenot publicly available.

5.2 Metrics and Methodology

We shaw the accurag and ef ciency of the black-boxapproach
over the entireworkload of 1.4 million queries.We thenzoom-in

over the top six templateswhich form a large percentagef the

workloadandshawv (a) thelearningaccurag in eachtemplateand

(b) thelow spaceandtime compleity of therelevantdatastructures
in eachtemplate.For thesetemplateswe alsoshav the in uence

of variousparameterén determiningcardinalityof queries.

Comparison Methods: We compareheaccurag of theblack-box
approach(BB) with, estimatefrom a commercialoptimizer(MS
SQL2000)(OPT). Optimizerestimatesn MS SQL 2000arestored
on a per attribute basisasa variationof max-diff histogramg21].
Commercialoptimizersdo not store estimatesof sub-plansgen-
eratedduring optimizations,but usethe base-tablestatisticsand
propagatethem up using the assumptiorof conditionalindepen-
dence. While it is known that this introduceserror in the opti-
mizer, it wasdif cult to implementor obtainimplementationof
the latestresearchn the bottom-upapproachwhich relaxesthese
assumptionshecauséhey aretightly integratedwith source-code
of proprietaryoptimizers[7, 30]. In the OPT method,histograms
were constructedonly for the attributesthat were presentin the
query workload, using 5% sampling. The readeris directedto
the documentatioron MSSQL for creatingandmaintainingstatis-
tics [21]. For the black-boxapproachwe usethe threemodelsof
regression:classi cationandregression(CR), modeltrees(MT ),
andlocally-weightedregressionLWR) to obtainaccurag andef-
ciency measuresln addition,for simpletemplatessuchtemplate
T1, with only rangeclausesin its predicateexpressionswe im-
plementself-tuninghistogramq1] (HIST). HIST relaxesthe as-
sumptionof conditionalindependencand constructsa histogram
incrementallyfrom queriesandtheir resultsonly. This technique
only works for rangeclausesand not userde ned functionsand,
thereforewasnotimplementedn othertemplates.

Re nement and Parameters: To comparethe overall accurag
andefciency of the1.4million queryworkload,we useon-linere-
nement. In on-linere nement,aqueryis simultaneouslyssuedo
theBB andthe OPT methodsandthe estimationerroris recorded.
In the BB method,if a templateis found the queryis estimated
from theexisting model,and nally thequeryandits resultupdate
the model. If atemplateis not found, the OPT estimateis taken
astheinitial estimate.Sincetherearefew templatesthis is done
for few queries.The OPT estimatds taken asthe default estimate
thatis alwaysavailablein suchdistributedapplications.To shav
theaccurag andef ciency overthetop six templatesye switchto
of ine/batch re nement. In of ine/batch re nement,we build ana
priori modelusingtrainingqueriesandthenusethemodelto make
predictionsusingtestingqueries.In addition,we keepthedistribu-
tion of testqueriesthe sameasthoseof training queries.The size

of thetrainingsetis variedfrom 5% to 50%.
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Figure5: Accuracy resultsfor the SDSSworkload

Figure 6: Overall Performance

Measuring Accuracy and Ef ciency: To measurahe overall ac-
curay of our approachyve usethe averageabsoluterelative error
1X (@ N
N @

inwhich (g) and”(q) aretheactualandestimatedield of aquery
g in theworkloadW , andN is thetotal numberof queriesin W .
We usethe sameerror measurevhen measuringaccurag of all
queriesn atemplateén whichcaseN correspondso thetotalnum-
berof queriesin atemplate.

E = )

TheOpenSkyQuerymediatorequiredifferentmetricsto measure
theeffectthataccurag hasonthe performancef caching.For the
cachingmodule we usetheabsoluteerroraveragecdverall queries
astheerrormeasure

el (@ N
2q, (@
inwhich (qg) and”(q) aretheactualandestimatedield of aquery
gin agiventemplate.Thisabsoluteerrorcorrespondsvell with the

notion of total network trafc saved, the performancaneasurdor
thecache.

E =

®)

5.3 Accuracy

The black-box approach(with CR as the learning technique)is
about4 times more accuratethan the optimizer when consider
ing the entireworkload (Figure 6). The overall improvementcan
be attributedto improved estimatedor userde ned functionsand
complex expressions.The black-boxapproachearnsfrom input
parameterdor which the optimizeris not ableto createdistribu-
tionsfrom basestatistics We furtherdivide theworkloadinto sim-

Figure7: In uence of Parameterson Query Cardinality

ple andcomplex templates.Simpletemplatesconsistprimarily of

querieswith rangeandjoin clauses.Complex templatescomprise
all querieswith userde ned functionsand mathematicakxpres-
sionson attributes. The optimizers poor performancemales it

unreliableover the complex workload. We believe that optimizer
resultson simple workload will improve with a higher sampling
rate.

Individualtemplateshave differentquerysemanticandaccespat-

terns. We comparelearningin the black-boxapproachusingthe

variouslearningtechniquesindthe optimizer In the black-boxap-

proach,the amountof training datavaries(as shavn on X-axis).

We reporttheaccurag overall methoddor thetrainingset. Figure
5(a) shavs learningover TemplateT1, which is a 2-dimensional
rangequerytemplate.Optimizersare bettersuitedsuitedto learn
from simplequeriesasin TemplateT 1. However, therangeclauses
areontwo, highly-correlatedpatialcoordinates; a anddec. OPT

errswhile propagatinghe basestatisticsup the plan,leadingto in-

accuraciesAll of thelearningtechniquesreableto estimatefairly

accuratelywith modeltreesbeingthe mostaccurate.

Theblack-boxapproactprovidesthe mostimprovementwhenop-
eratingover querieswith acombinatiorof simplerangeclausesand
userde ned functions. For suchqueries,the optimizer estimates
cardinalityas 1. While this heuristic provides a reasonableesti-
mateover querieswith verylow cardinality SDSSfunctionqueries
fetch large datasets|eadingto large errors. We shav the effect
of variouslearningtechniquesn Figure 5(b) and using Template
T3, which hasthe largestnumberof queries. Queriesin template
T3 areproximity querieswhich usea userde ned functionto nd
nearbyobjectin arectangularegion. Model treespresenthe best
learningmethodfor suchatemplate.Locally weightedregression,
which performspoorly on othertemplatesestimateseasonablyn



Figure8: SpacePerformance

thistemplate.

Scienti ¢ queriesoftenusemathematicaindbit operatorsandare
quitecommonin the SDSSworkload. Figure5(c) considersucha
queryin templateT4. Speci cally, the predicatesn the queryadd
two attributesandcompareheresultwith aconstantHowever, the
optimizerchoseto usethe primaryindex andperformatablescan,
therebyoverestimatinghe cardinalityof eachquery

Figure5(d) shavs thecomparisorof modeltreesandclassi cation
andregressionwith a self-learninghistogramtechnique[1] using
templateT1. This techniqudearnsa multi-dimensionahistogram
from queriesandtheresultsapplyto simplerangeclauseonly. We
do not restructurethe histogramsasproposedput re ne themin-

crementallyusingqueriesandtheir results. Their techniqudearns
effectively over queries(providing only 20%errorover 30%train-

ing data)andcanbe appliedfor suchtemplates.The classi cation
andregressiorapproachis slightly lessaccurateowing to theyield

classi cation step. Model treesare mostaccurateput the size of

thetreeis slightly morethanthetotal histogramsize.

Figure7 shawvs thein uence of variousparametersver the cardi-
nality of eachquery While the actualnumberof parametersare
highin eachtemplate the learningtechniquegruneaway the un-
necessaryparameterstherebyreducingthe dimensionalityof the
learningspace.This resultsin succinctdatastructuresaswe will
shav subsequently

5.4 SpaceUtilization and Running Time

The learningtechniqueshave different spacerequirements. The
spacerequiremenbf classi cationandregression(CR) is the size
of the constructediecisiontree. Regressionfunctionshave negli-

gible spacerequirementSimilarly, for modeltrees,it is the sizeof

the modeltree. In locally-weightedregressiornthereis no a priori

learnedmodelconstructedrom the training set,but a new regres-
sionmodelis constructedor eachtestinstance.Therefore we do

not calculatespacerequiremenfor LWR. For OPT, the spacere-

quirementis the size of the histogramscalculated asdescribedn

the MSSQL 2000documentatiorj21]. The overall spacerequire-
mentwas calculatedby summingthe size of constructedmodels
over all queriesat the end of the workload. For individual tem-
plates,size was calculatedover the minimum numberof queries
requiredastrainingdataafterwhich thelearnednodelwasconsid-
eredstable.

Figure9: Time Performance

Figure 8 shavs the spacerequiremenif the black-boxapproach
usingdifferentlearningtechniquesindthe optimizerover the en-
tire workload. It alsoshaws the individual spacerequirementsf
eachtemplate. The estimationmodel datastructuresusedin the
black-boxapproacharevery spaceefcient. Overall, classi cation
andregressiorhasthe smallestspacaequirementwith the sizeof
decisiontreevarying from tensor hundredof kilobytes. The suc-
cinctdecisiontreescreatedn classi cationandregressiormale it
aviable choicefor applicationsvherespacds at a premium,such
asOpenSkyQuery The largesttree overall wasthat of template
T3. Whenconstructedwith all 750,000queriesin the template it
requiredonly 286 KB. Evenfor TemplateT5, which is atemplate
on an equality predicatefor a primary key, the spacerequirement
is extremely low, becausedhereis very little informationto clas-
sify. Model treesusenearlydoublethe spaceof classi cationand
regression.n modeltrees the spacerequiremenfor the workload
notin thetop six templatecomparesvith the spaceequiremenof
decisiontreesin classi cationandregressionapproach Sincethis
amountgo one-thirdof theworkload theoverallspaceequirement
is lessthandoublethe spacerequirementHowever, for theimpor
tanttemplategshe spacerequirements almostdoubled. The opti-
mizerspaceaequiremenfor theoveralltheworkloadis comparable
to thespaceequiremenof MT technique Theoptimizerspacee-
quirements calculatedrom the one-dimensionahistogramson-
structecbverindividual attributespresentn theworkload.Because
thereis high syntacticlocality in theworkload,i.e., heary attribute
reuse the optimizeris alsospaceef cient. However, the CR tech-
niguecompetesvith the optimizerandprovidesmoreaccuratees-
timates. If the optimizerwereto be moreaccuratejt would need
multi-dimensionahistogramswhich addsigni cantly to its space
requirements Additionally, the total spacerequiremenbf the op-
timizer over all attributes,not just over the attributesin the current
workload,was2612KB.

Figure8 reportsthe optimizerspacerequirementor eachindivid-
ual template. The optimizerrequiresthe leastspacein Template
T1, which is a two-dimensionakangequery template. However,
our learningapproachpecausef high “locality” in queryaccess
patternsjearnsthe distribution using 200 queriesand, thus, occu-
piescomparablespace.

Estimatiorruntimeperformancéollowsthatof spacegerformance,
becausesmall datastructuresmay be accessedjuickly. The clas-
si cation andregressiontechniquein the black-boxapproachex-
hibits good runtime performance(Figure 9) and model treesare
comparableo theoptimizer Locally-weightedregressions anex-



ception. It takesmuchlongerasthe predictionmodelis retuilt for
eachtestinstanceat runtime. We shav time resultsfor only the
importanttemplates Decisiontreespresenthe mostcomputation-
ally efcient learningdatastructurestaking only O(mn (logn))
constructiontime in which m is the numberof parameterandn
arethe training examples. The time taken to constructthe linear
regressiorfunctionis negligible. For templateT5, which took the
longestto learnandstabilize,the decisiontreewas constructedn
15.5 seconds. The optimizertime costsare calculatedbasedon
the time it takesto optimize a query and estimateits cardinality
The optimizer resultsare a clear re ection of the core thesisof
this paperthatfor mary applicationsgxpensve optimizationis not
neededor cardinalityestimatesnda black-boxlearningapproach
sufces. In addition, the total time requirementf the optimizer
over all querieswascloseto onehout

5.5 Impact on Open SkyQuery

Our nal goalis to shav that distributed applicationsbene t sig-
ni cantly from usinga black-boxapproach.We revert to the case
of OpenSkyQueryandconsiderthe effect on its cachingfunction.
The performanceof the cachingmoduleis measuredn termsof
total network trafc saved. In onevariantof this experiment,the
cachingmoduleusesexact cardinalityvaluesto make cachingde-
cisions. We call this this the prescientestimator The prescient
estimatorgives an upperboundon how well a cachingalgorithm
could possibly perform. We comparethis with the OPT method
andtheCR learningtechnique BecauseheCR learningtechnique
usesthe leastamountof space,it is naturally suitedto caching.
As a cardinalityestimatorfor OpenSkyQuerycaching,the black-
box approachoutperformsthe optimizerandapproachesghe ideal
performanceof the prescientestimator The total amountof data
sentacrossthe network to sene the entire 1706 GB of the SDSS
workload.We reportthe network savingsover the entireworkload,
andcomparet with theideal performancef the prescienestima-
tor. Basedon the estimatesCR sares532.15GB whencompared
with 307.22GB for the optimizer CR also compareswell with
theprescienestimatorreducingnetwork savzingsby only 5% from
558.49GB to 532.15GB. Cachingresultsalsoshav the sensitvity
of cachingin OpenSkyQueryto accurateyield estimates.Nearly
all of thebene t of cachingmaybelost. The Optimizerloses45%
of network savings.

6. CONCLUSIONS

The black-boxapproactoffers an alternatve to estimatingquery
cardinalitiesthatis compactgef cient, andaccuratelt doesnotre-
quireknowledgeof the distribution of dataandavoidsinaccuracies
from modelingassumptionssuchasthe conditionalindependence
of attributes. In contrastdatabasejueryoptimizersusea bottom-
up methodto composejuerycardinalityestimatespropagatinges-
timatesup a queryexecutionplanbasedn estimate®f datadistri-
butions. This makessensdor databasehecausehey alsoneedto
know cardinalitiesfor eachsub-queryin orderto choosebetween
various query plans, and becausehey have accesdo the under
lying data. Several emeging applications suchas proxy-caching,
data-centrigrids,andfederatedjueryprocessingneedto estimate
querycardinalitiesbut have neitheraccesso datadistributionsnor
do they requiresub-querycardinalities. Hence the black-boxap-
proachsuitsthemwell. In this paper we demonstratehis using
the OpenSkyQueryasa casestudy We studythe cardinality es-
timation requirement®f the OpenSkyQuery describethe black-
box approachasappliedto it, andpresenexperimentakresultsthat

shav dramaticincreasesn the performanceof cachingin thefed-
eration.
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